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Abstract

Preference-based alignment like Reinforce-
ment Learning from Human Feedback (RLHF)
learns from pairwise preferences, yet the la-
bels are often noisy and inconsistent. Exist-
ing uncertainty-aware approaches weight pref-
erences, but ignore a more fundamental factor:
the reliability of the answers being compared.
To address the problem, we propose Confor-
mal Feedback Alignment (CFA), a framework
that grounds preference weighting in the statis-
tical guarantees of Conformal Prediction (CP).
CFA quantifies answer-level reliability by con-
structing conformal prediction sets with con-
trollable coverage and aggregates these relia-
bilities into principled weights for both DPO-
and PPO-style training. Experiments across dif-
ferent datasets show that CFA improves align-
ment robustness and data efficiency, highlight-
ing that modeling answer-side uncertainty com-
plements preference-level weighting and yields
more robust, data-efficient alignment. Codes
are provided on https://github.com/tiejin98/
Conformal-Feedback-Alignment.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable capabilities (Anil et al., 2023; Achiam
et al., 2023; Touvron et al., 2023), largely driven by
alignment techniques that fine-tune them on human
preferences, such as Reinforcement Learning from
Human Feedback (RLHF) (Ouyang et al., 2022;
Christiano et al., 2017) and Direct Preference Op-
timization (DPO) (Rafailov et al., 2023). To over-
come the cost and scalability limitations of human
annotation, the field is increasingly adopting Rein-
forcement Learning from AI Feedback (RLAIF),
where preference data is generated by capable AI
evaluators (Yu et al., 2024; Lee et al., 2023; Li et al.,
2024). While this method is powerful, it generates
new challenges: preference labels can be noisy and
inconsistent, which creates a fundamental noisy

label problem that can degrade the quality and ro-
bustness of the final aligned model (Banerjee and
Gopalan, 2024; Wang et al., 2024).

Recent studies have explored uncertainty-aware
preference alignment, aiming to handle feedback
by estimating uncertainty at the preference level.
For example, Banerjee and Gopalan (2024) esti-
mates reward-model uncertainty through ensemble
variance, Lodkaew et al. applies weights to DPO
losses, Xu et al. (2024b) introduces a Bayesian for-
mulation that models preference uncertainty within
a risk-sensitive policy framework, and WPO (Zhou
et al., 2024) reweights pairs by likelihood to miti-
gate off-policy drift. All these approaches reduce
the effect of noisy preference pairs by modeling
uncertainty on preferences, i.e., how reliable the
preference relationship is.

However, these methods overlook a more fun-
damental dimension of uncertainty: the intrinsic
reliability of the individual answers that constitute
the preference pair. A preference judgment can
only be as trustworthy as the responses it com-
pares. When both answers are of low confidence
and quality, the preference carries little meaningful
information, regardless of how we model uncer-
tainty for the preference itself. This dimension of
answer-level reliability represents a critical blind
spot in current research, as it addresses the qual-
ity of the data at its very source. Therefore, we
argue that each model-generated answer carries its
own reliability, which directly contributes to the
uncertainty observed in preference comparisons.

To address this distinct dimension of answer-
level reliability, we introduce Conformal Feedback
Alignment (CFA), a novel framework that grounds
preference weighting in the statistical guarantees
of Conformal Prediction (CP) (Quach et al., 2023;
Su et al., 2024). Instead of focusing on the down-
stream learning process, CFA directly assesses the
quality of the answer itself. The core of our method
is to first use CP to construct statistically valid pre-
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diction sets for responses with a pre-defined and
controllable coverage. A higher-coverage predic-
tion set is considered more reliable than a lower-
coverage set. We then introduce a set-wise un-
certainty aggregation function that translates the
set memberships of responses into a single, prin-
cipled weight that quantifies the trustworthiness
of the preference label. This weight is integrated
into both PPO-style and DPO-style alignment, forc-
ing the model to prioritize judgments built upon
high-confidence answers. Overall, our primary con-
tributions are:

• We identify and address an under-explored di-
mension in uncertainty-aware alignment: the re-
liability of answers, which is distinct from uncer-
tainty measured at the preference level.

• To the best of our knowledge, CFA is the first to
construct statistically valid prediction sets with
Conformal Prediction for AI feedback, which is
flexible for both black- and white-box settings as
well as DPO- and PPO-style model training.

• Through comprehensive experiments, we demon-
strate that by focusing on answer reliability, CFA
improves alignment performance and data ef-
ficiency, outperforming standard baselines and
offering comparable performance over methods
that address preference-level uncertainty.

2 Related Works

2.1 LLM Alignment
LLMs have achieved strong performance on a wide
range of tasks (Chen et al., 2025a,b; Satheesh et al.,
2025; Da et al., 2024b,c; Yao et al., 2025a; Da
et al., 2025c,b,d,a; Yao et al., 2025b). A key
driver of this success is Reinforcement Learning
from Human Feedback (RLHF) (Christiano et al.,
2017), which aligns model outputs with human
preferences. RLHF is traditionally implemented as
a reward-model-based method, typically using
Proximal Policy Optimization (PPO) (Schulman
et al., 2017). This approach requires training both a
reward model and a policy model. To simplify this
process, several alternatives have been proposed.
REINFORCE++ (Hu, 2025) eliminate the need for
a critic model.

Beyond reward-based methods, reward-model-
free method Direct Preference Optimization
(DPO) (Rafailov et al., 2023) directly optimizes
LLM parameters based on pairwise preferences,
bypassing reward model training. Extensions such
as IPO (Azar et al., 2024), α-DPO (Wu et al., 2024),

CPO (Xu et al., 2024a), TPO (Saeidi et al., 2024),
and KTO (Ethayarajh et al., 2024) improve DPO’s
stability, adaptiveness, or data efficiency.

To address the cost of human labels, recent
work has explored Reinforcement Learning from
AI Feedback (RLAIF) (Bai et al., 2022). AI-
generated preference data can reduce labeling cost
and even improve alignment performance (Lee
et al., 2023; Li et al., 2024; Williams, 2024), while
AI-generated preferences might be more noisy. To
address this problem, several methods that provide
weight to the preference pair are proposed (Ye et al.,
2025; Lin et al., 2023; Xu et al., 2024b; Wang et al.,
2024). However, all of them are focusing on the
reliability of the preference without considering the
reliability of responses.

2.2 Uncertainty Quantification
Uncertainty quantification (UQ) has been studied
in LLMs (Lin et al., 2023; Chen et al., 2025c; Liu
et al., 2025a; Chen et al., 2025c; Da et al., 2024a;
Liu et al., 2025b), but most prior work focuses
on token-level or output-level generation uncer-
tainty (Liu et al., 2025a). For example, Kadavath
et al. (2022) and Band et al. (2024) show that LLMs
often produce poorly calibrated self-assessments.
Conformal Prediction (CP) (Shafer and Vovk,
2008) provides a non-parametric, distribution-free
approach for constructing confidence sets with for-
mal guarantees. Recent extensions adapt CP to
LLMs in both white-box settings (Quach et al.,
2023) and black-box API scenarios (Su et al., 2024).
However, existing UQ, including CP methods, are
rarely integrated into preference learning or align-
ment pipelines.

3 Preliminaries

3.1 Preference-Based Alignment
Reinforcement learning from human feedback
(RLHF) and its variants optimize large language
models (LLMs) by learning from preference com-
parisons. Given a prompt x, two outputs y+ (pre-
ferred) and y− (dispreferred), the dataset is denoted
as: Dpref = (x, y+, y−). Two main approaches ex-
ist for preference-based alignment:

Reward-Model-Based Methods (PPO-style).
RLHF typically trains a reward model rϕ(x, y) us-
ing pairwise comparisons. The standard loss is:

LRM-Orig(ϕ)

= −E(x,y+,y−)∼Dpref
log σ

(
rϕ(x, y

+)− rϕ(x, y
−)

)
,

(1)
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Figure 1: The pipeline of our method. In our paper, we use conformal prediction, which can be applied for both
black-box and white-box settings, to estimate the uncertainty and then use a weighted loss to conduct alignment.

where σ(·) is the sigmoid function.
After training rϕ, a policy πθ is optimized using

Proximal Policy Optimization (PPO) (Schulman
et al., 2017) with rϕ(x, y) as the reward.

Reward-Free Methods (DPO-style). Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) directly optimizes the policy πθ without train-
ing a reward model. The loss is:

LDPO-Orig(θ) = −E(x,y+,y−)∼Dpref
log σ (β ·∆θ,ref) ,

(2)
where β is a temperature parameter, and:

∆θ,ref = log
πθ(y

+|x)
πref(y+|x)

− log
πθ(y

−|x)
πref(y−|x)

. (3)

Here, πref is a frozen reference policy, typically
the supervised fine-tuned model.

3.2 Conformal Prediction
Uncertainty aims to provide reliable confidence
in prediction results (Kadavath et al., 2022; Band
et al., 2024). Conformal Prediction (CP) is a
distribution-free method that provides statistically
valid uncertainty estimates. The core idea of CP is
to compute a nonconformity score s(x, y) for each
output y given a prompt x. This score quantifies
how “unusual" or “atypical" the output is. Lower
scores indicate that the output is typical or confi-
dent, while higher scores suggest uncertainty.

Given a calibration set with known outputs, non-
conformity scores are computed for each example,

and a quantile threshold qα is determined corre-
sponding to the desired coverage level 1− α. The
conformal set is:

C1−α(x) = {y | s(x, y) ≤ qα}. (4)

This set is guaranteed to include a correct output
with probability at least 1− α.
• White-Box CP: In the white-box setting, token-
level log-probabilities are available. Therefore, the
nonconformity score can be defined as the negative
log-likelihood of the output (Quach et al., 2023):

s(x, y) = − log pθ(y|x). (5)

This choice of scoring function has a straightfor-
ward interpretation. If the model assigns high prob-
ability to y given x, then s(x, y) will be small,
indicating that the model is confident in this output.
Conversely, if the model assigns low probability to
y, the score will be large, reflecting higher uncer-
tainty.
• Black-Box CP: In the black-box setting, where
token-level probabilities are unavailable, the non-
conformity score is estimated from the multiple
model-generated samples and is given by (Su et al.,
2024):

s(x, y) = −Freq(y)+λ1·NE(x)−λ2·Sim(y, ytop),
(6)

where Freq(y) is the count of y among the sam-
pled responses for prompt x, NE(x) is the nor-
malized entropy of the sampled response distri-
bution, Sim(y, ytop) is the similarity to the most

3563



frequent sample ytop, and λ1, λ2 are weighting co-
efficients. It suggests that responses that occur
more frequently and are more similar to the most
frequent sample yield lower nonconformity scores,
indicating higher confidence and lower uncertainty.

4 Method

This section presents Conformal Feedback Align-
ment (CFA). Our goal is to improve the robustness
of alignment using the answer reliability from CP.

4.1 Overview
Figure 1 presents an overview of our framework,
which has two components: (1) estimating the un-
certainty of AI-generated answers, which is consid-
ered as the answer reliability, using CP and (2)
incorporating this uncertainty into both reward-
model-based (e.g., PPO) and reward-free (e.g.,
DPO) alignment. For each preference pair, CFA
produces an uncertainty score u ∈ [0, 1] from
the answer reliability, which is used to weight the
learning signal during policy optimization, prior-
itizing reliable feedback upon high-reliability an-
swers while reducing the effect of comparisons for
less reliable answers. The next sections describe
set-wise uncertainty estimation (Section 4.2) and
its integration into alignment (Section 4.3).

4.2 Set-wise Uncertainty Estimation via CP
To account for the reliability of responses, a princi-
pled approach to uncertainty estimation is essential.
However, LLMs are known to produce uncalibrated
uncertainty scores (Band et al., 2024). We address
this by employing CP (Section 3.2) to generate sta-
tistically valid prediction sets. After employing
CP, we can obtain two sets A and B with different
coverage α. The properties of these sets form the
basis for our Set-wise Uncertainty Aggregation
method, which translates answer-level reliability
into a weight for the preference pair.

For a given preference pair (y+, y−), we define
a set-wise uncertainty score u(x, y+, y−) based
on the conformal sets to which the two responses
belong. If both y+ and y− belong to the set A, we
use the corresponding quantile qa as the confidence.
If they both belong to set B, we use qb. If the two
outputs belong to different sets, we take the average
of the two quantiles. Formally, we define:

u(x, y+, y−) =





qa if both y+, y− ∈ set A,

qb if both y+, y− ∈ set B,
qa+qb

2
if y+, y− are from different sets.

(7)

This design reflects the overall reliability of the
comparison based on the reliability of the answers.
When the outputs come from uncertain sets or the
sets are mismatched, the confidence is reduced be-
cause the answers are not reliable. This set-wise ap-
proach allows us to calibrate the preference signal
based on the uncertainty in the model’s predictions.

4.3 Uncertainty-Aware Alignment
Standard alignment objectives, as used in PPO
and DPO (Section 3), assume all comparisons are
equally reliable. To address this limitation, we use
uncertainty scores to adjust the training process.
We introduce an uncertainty-weighted loss func-
tion, where each preference pair’s contribution is
scaled by its estimated reliability. This ensures
that more trustworthy comparisons have a greater
influence on alignment.

Reward-Model-Based Optimization (PPO-
Style) In the standard PPO-style approach,
a reward model is trained by optimizing the
preference loss shown in Eq. 1. We adapt this
objective to be uncertainty-aware by introducing
an uncertainty weight u for each comparison:

LRM-Uncert(ϕ)

= −E(x,y+,y−,u)u · log σ
(
rϕ(x, y

+)− rϕ(x, y
−)

) (8)

Reward-Free Optimization (DPO-Style) For
reward-free learning, we build on the DPO objec-
tive defined in Eq. 2. DPO optimizes the policy di-
rectly by maximizing the log odds of the preferred
output relative to the reference policy. To account
for uncertainty, we introduce the uncertainty weight
u from Set-wise Uncertainty Aggregation into this
objective, multiplying the log-sigmoid term by u:

LDPO-Uncert(θ) = −E(x,y+,y−,u)u · log σ
(
β ·∆θ,ref

)
.
(9)

The strategy of our method is to introduce an
uncertainty-weighted loss, which reframes prefer-
ence comparisons from ‘hard labels’ to ‘soft evi-
dence’ following Zhou et al. (2024). This allows
the learning process to prioritize preference with re-
liable answers. We apply this principle to both PPO
and DPO-style optimization. In the PPO-style ap-
proach, the weights are used during reward model
training to produce a more reliable reward signal
rϕ(x, y). In the DPO-style approach, the weights
are applied directly to the preference loss to modu-
late gradient updates. While the mechanisms dif-
fer, both methods ensure the final policy is shaped
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Algorithm 1 Conformal Feedback Alignment
(CFA)
Require: Initial policy πθ, reference policy πref

1: for each training iteration do
2: Collect preference pairs (x, y+, y−) using

AI or human feedback
3: for each pair (x, y+, y−) do
4: Estimate nonconformity scores

s(x, y+), s(x, y−) via CP
5: Compute set-wise uncertainty score

u(x, y+, y−) according to Eq.(7)
6: end for
7: Form augmented dataset Duncert =

(x, y+, y−, u)
8: if PPO-style then
9: Train reward model rϕ with Eq.(8)

10: Fine-tune policy πθ using PPO with rϕ
11: else
12: Update policy πθ with Eq.(9)
13: end if
14: end for

more significantly by high-confidence data for bet-
ter alignment.

4.4 Algorithm Description
We provide a summary of the procedure in Al-
gorithm 1. This algorithm describes the com-
plete pipeline of CFA, covering both the uncer-
tainty estimation and the policy optimization stages.
Our algorithm begins by initializing the policy
πθ and reference πref, and calibrating nonconfor-
mity score thresholds. Each iteration involves two
stages. First, we collect preference data (x, y+, y−)
and estimate an uncertainty score u for each sam-
ple via CP (Section 4.2), yielding an uncertainty-
augmented dataset Duncert. Second, we update the
policy πθ using this dataset. This can be done
with uncertainty-aware alignment introduced in
Section 4.3 with PPO-style or DPO-style training.
This algorithm allows the policy to focus on pref-
erence comparisons that are built from reliable an-
swers, while reducing the influence of noisy or
ambiguous feedback. By integrating CP into the
learning loop, the method calibrates the learning
signal dynamically and adapts to the uncertainty
present in the data.

5 Experiments

In this section, we mainly conduct experiments to
answer the following research questions:

• RQ1: Does the proposed method outperform nor-
mal alignment or post-training methods overall?
• RQ2: How Does CFA perform under different
scales of model parameters and data?
• RQ3: How does CFA perform against preference-
level uncertainty-aware methods, and how is it af-
fected by white-box versus black-box settings?

5.1 Experimental Setup

Models For a comprehensive evaluation of the
performance of our proposed method, we use in
total three different open-source models as the pre-
trained model. In detail, we use Llama2-7b (Tou-
vron et al., 2023) and Llama3.1-8b (Grattafiori
et al., 2024) to show that our method works for
different versions of the popular open-source mod-
els. We also use Qwen series, including Qwen2.5-
7B (Yang et al., 2024) and Qwen3 series (Yang
et al., 2025) as the pre-trained model to show that
our method could be generalized to different model
architectures. For all models, we use a standard
framework that first does a supervised fine-tuning
and then does alignment.

Dataset In this paper, we use three datasets:
• Webgpt Comparisons (Webgpt) (Nakano et al.,
2021): A dataset of question-answering outputs
from the WebGPT model, used to evaluate long-
form answers grounded in web search results.
• Synthetic Instruct GPT-J Pairwise (Pairwise)
(Alex et al., 2021): A general-purpose instruc-
tion following dataset for alignment via synthetic
prompts and responses in a wide range of tasks.
• Summarize from Feedback (Summarize) (Stien-
non et al., 2020): A summarization dataset target-
ing content compression, focusing on Reddit posts
and learning from preference-based feedback.

For each dataset, our method will generate new
answers using the question in the original dataset
with conformal prediction for each model. Table 2
summarizes the detailed sizes of the augmented
dataset for each model to be evaluated.

Evaluation Following previous work (Zhang
et al., 2024), all outputs from trained models are
evaluated by LLM-as-a-judge, which we use GPT-
4o (Achiam et al., 2023). This methodology aligns
with various studies (Gilardi et al., 2023; Alizadeh
et al., 2023) highlighting the capabilities of LLMs
to produce high-quality text evaluation that aligns
with or surpasses human. Specifically, four dif-
ferent dimensions: (1) Accuracy, which assesses
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Dataset Summarize Pairwise WebGPT

Models SFT Base CFA SFT Base CFA SFT Base CFA

PPO

Llama2-7B 63.91 65.88 67.39 (+1.51) 89.32 91.15 91.89 (+0.74) 69.54 72.25 72.78 (+0.53)
Llama3.1-8B 56.18 56.93 57.59 (+0.66) 79.22 81.38 82.25 (+0.87) 72.85 75.02 75.56 (+0.54)
Qwen2.5-7B 52.42 54.29 55.21 (+0.92) 88.25 90.17 90.65 (+0.48) 73.37 75.64 75.95 (+0.31)

DPO

Llama2-7B 63.91 65.68 67.30 (+1.62) 89.32 90.88 92.12 (+1.24) 69.54 71.68 72.25 (+0.57)
Llama3.1-8B 56.18 56.7 57.44 (+0.74) 79.22 81.55 82.90 (+1.35) 72.85 74.70 75.19 (+0.49)
Qwen2.5-7B 52.42 53.85 55.01 (+1.16) 88.25 89.82 90.97 (+1.15) 73.37 75.91 76.42 (+0.51)

Table 1: Performance comparison of our methods with baselines across various datasets and models using LLM-
as-a-Judge. The average scores are reported. The higher the score, the better the performance. SFT is supervised
fine-tuning only without any preference alignment. Base is the normal PPO or DPO alignment without uncertainty.
The best result is shown. The numbers in parentheses indicate improvements over the base alignment method. CFA
outperforms base methods across different models and datasets consistently.

Webgpt Pairwise Summarize
Llama2-7B 53199 68067 104614
Llama3.1-8B 55465 62101 101191
Qwen2.5-7B 52101 68029 103845

Table 2: Augmented dataset size for each model.

whether the content of the answer or summary cor-
rectly reflects the information and intent of the orig-
inal prompt. (2) Relevance, which checks whether
the answer or summary closely aligns with the sub-
ject of the prompt. (3) Completeness, which eval-
uates whether the response includes all essential
points and details from the prompt. (4) Expression,
which considers whether the language used in the
answer or summary is clear and easy to understand.
Each criterion is scored up to 100 in increments
of 5. Due to page limits, we only report the aver-
age of these four scores in the main results. The
evaluation prompts can be found in Figure 5.

Implementations Due to hardware constraints,
for all experiments, our experiment applies a
batch size of 1. We use the coverage α = 0.8 and
α = 0.5 in the main results. We set the maximum
generation length for both the CP process and
test process after training to 1024. We use the
AdamW optimizer (Zhuang et al., 2022) and
use the learning rate 1e − 6. For black-box CP
settings, we use a lower temperature = 0.15 since
we need repeated answers. For white-box CP
settings, we use a default temperature = 0.7 as
in previous work (Quach et al., 2023). For all
datasets, we regenerate the samples according to
the instructions in the data and use GPT-4 (Achiam
et al., 2023) and Alpacafarm (Dubois et al., 2023)

to obtain AI feedback on preference. For the CP
calibration set, we randomly sample 100 samples
from each dataset as the calibration set and ensure
there is no overlap between the calibration set and
the training set. All of experiments on done using
4 Nvidia-A100 GPUs.

Prompt for Evaluation

You are an expert evaluator. You are given an origi-
nal input and an AI-generated response. Your task is
to evaluate the response based on four criteria: Ac-
curacy, Relevance, Completeness, and Expression.
Each criterion should be scored from 0 to 100 in in-
crements of 5. Provide a brief justification for each
score. Then, calculate the average of the four scores
and present it as the Overall Score.

Scoring Criteria:

1. Accuracy (Acc): Does the response accurately re-
flect the content and intent of the original prompt?

2. Relevance (Rel): Is the response closely aligned
with the topic and requirements of the prompt?

3. Completeness (Comp): Does the response address
all essential aspects or key points in the prompt?

4. Expression (Expr): Is the response clear, well-
written, and easy to understand?

Please only return the four line-scores and the
Overall Score, in this exact format:

**Accuracy (Acc):** [score]/10
**Relevance (Rel):** [score]/10
**Completeness (Comp):** [score]/10
**Expression (Expr):** [score]/10
**Overall Score:** [average]/10

Figure 5: Prompt for Evaluation in our Test Stage.

3566



0.6 B 1.7 B 4 B 8 B
Model Parameters

45.0

47.5

50.0

52.5

55.0

57.5

60.0

62.5

Ov
er

al
l S

co
re

Base DPO
Ours

Figure 2: Performance comparison
on Llama2-7B and the Summarize
dataset with different sizes of model
parameters.

5% 10% 35% 50% 100%
Percentage of Training Samples

64.0

64.5

65.0

65.5

66.0

66.5

67.0

Ov
er

al
l S

co
re

Base DPO
Ours

Figure 3: Performance comparison
on Llama2-7B and the Summarize
dataset with different sizes of training
samples.

CFA
IW-DPO with P(true)

IW-DPO with Direct Ask WPO
60

62

64

66

68

Ov
er

al
l S

co
re

67.30
66.75

65.48

66.26

Figure 4: Performance comparison
on Llama2-7B and the Summarize
dataset using CFA and other methods.

5.2 Comparison with Baselines (RQ1)
To evaluate the effectiveness of our method, CFA,
we compare it against several standard alignment
baselines: Supervised Fine-tuning (SFT), PPO, and
DPO. The evaluation is conducted on three distinct
language models across three benchmark datasets.
Following the experimental setup detailed in Sec-
tion 5.1, we use GPT-4o for automated evaluation.
The main results are presented in Table 1, from
which we draw the following observations:
• Our method consistently achieves superior per-
formance across all evaluated scenarios. For in-
stance, on the Llama2-7B model with the Summa-
rize dataset, the improvement of CFA over the base
model is +1.62, which is comparable to the +1.77
gain achieved by the base model over SFT.
• Considering the performance gain using DPO
and PPO, we observe that our method combined
with DPO-style training yields greater improve-
ments. One potential reason is that our method
is used to train the reward model for PPO-style
training. However, in PPO, the reward model
is only one component, and the overall training
process is more complex and harder to optimize
effectively.

5.3 Scalability and Efficiency Analysis (RQ2)
To evaluate the scalability and data efficiency of
our method, we examine its performance across
different model sizes and varying proportions of
training data. This helps assess its practical appli-
cability under diverse resource and data constraints.
All experiments use black-box CP.

Influence of Different Model Parameters To
understand how different sizes of model param-
eters influence performance, we train Qwen3 se-
ries (Yang et al., 2025), which contains models

from 0.6B to 8B, allowing for comprehensive anal-
ysis. In detail, we conduct CFA with DPO on four
different sizes of models from the Qwen3 series
and the Summarize dataset (Stiennon et al., 2020).
In Figure 2, we show the overall score for four dif-
ferent models. The results show that CFA works
stably for different sizes of models, and the perfor-
mance gain is even larger for the smaller model,
which shows the effectiveness of CFA.

Influence of Different Sizes of Training Sam-
ples To understand how different sizes of training
samples, we train Llama2-7B with 5%, 10%, 20%,
35%, 50% of the data in the Summarize dataset.
The results can be found in Figure 3. We could see
that for different proportions of the training data
usage, CFA consistently outperforms the base DPO
even when the data proportion is as low as 5%. And
with the increase in training samples, CFA shows a
higher performance gain, which demonstrates the
scalability of CFA.

5.4 Ablation Study and Sensitivity Analysis
(RQ3)

In this section, we are going to answer How does
CFA perform against preference-level uncertainty-
aware methods and how different settings of con-
formal prediction influence the performance. More
experiments about the settings of conformal predic-
tion can be found in the Appendix.

Performance for preference-level uncertainty-
aware methods To demonstrate the effective-
ness of using answer-level reliability, we compare
CFA with WPO (Zhou et al., 2024) as well as IW-
DPO (Lodkaew et al.) with the following uncer-
tainty signals as the weight:
• Direct Ask: When obtaining preferences of an-
swers, directly ask LLMs to output the confidence
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Prompt

\#UporDown? 
That's the trending question on social media, thanks to a photo of a cat coming down some 
stairs. 
Or is it going up some stairs? The picture was apparently uploaded on Imgur a few days ago 
and has caught fire thanks to a post on the website 9gag.com. 
Some people are noting the apparent motion of the cat. Others are commenting about the 
construction of the stairs. (Of course, where there's public debate, there are advertisers 
waiting to take advantage of the situation.) Taxes? Now, those are REALLY confusing.

CFA

Picture of a cat coming 
downstairs is causing a 
debate about whether it’s 
going up or down. Advertisers 
are taking advantage of the 
situation. #UporDown?

DPO

Picture of a cat coming 
down/going up stairs sparks 
debate. Advertisers pounce 
on the opportunity to confuse 
the issue. #UporDown?

SFT

Picture of a cat coming 
downstairs is causing a 
debate. Picture of a cat 
coming downstairs is 
confusing people.

Judge
Accuracy: 5/10 
Relevance: 7/10 
Completeness: 4/10 
Expression: 6/10 
Overall: 5.5

Judge
Accuracy: 6.5/10 
Relevance: 7.5/10 
Completeness: 7/10 
Expression: 9/10 
Overall: 7.5

Judge
Accuracy: 8/10 
Relevance: 9/10 
Completeness: 6.5/10 
Expression: 8.5/10 
Overall: 8

Figure 6: A case study on the Summarization dataset compared with the summarization output from the model
with SFT, the model with Base DPO, and the model with our methods. The output results and scores show a clear
advantage of our method.

65.0 65.5 66.0 66.5 67.0 67.5 68.0 68.5
overall score

white-box

black-box

68.04

67.40

Figure 7: The comparison using white-box and black-
box CP on Llama2-7B and Summarize Dataset. The
result shows that using white-box CP could lead to an
even better performance.

of this preference.
• p(true) (Kadavath et al., 2022): When obtaining
preferences of answers, using the output proba-
bility of the chosen preference as the confidence.
Entropy

We train the Llama2-7B on the Summarize
dataset with DPO, and the detailed comparison can
be found at Figure 4. The results show that CFA out-
performs IW-DPO using different UQ methods and
WPO. For IW-DPO using Direct Ask as the weight,
it even shows a worse performance than the base
DPO, showing the unreliability of uncertainty from
LLMs themselves.

White-box v.s. Black-box Previously, we used
black-box CP to ensure the generalization ability of
CFA. Here, to see how white-box CP influences the
performance, we show a performance comparison
using white-box and black-box CP on Llama2-7B
with the Summarize dataset. The results in Figure 7
show that using white-box CP, which allows for

generating diverse answers, could lead to an even
better performance, showing the potential of CFA.
Win Rate Comparisons To better understand the
win rates between the responses of models trained
with CFA and normal DPO. Same with the main
text, we are using GPT-4o to judge which answer is
better. The result can be found in Table 3. Results
show a clear advantage over CFA.

WinRate Llama2 Llama3.1 Qwen2.5

CFA v.s Base_DPO 56.18% 64.33% 57.61%

Table 3: The Win rates compared with CFA with Base
DPO on three models on the Summarize dataset. The
results clearly show that CFA has an advantage.

Different Coverage in CP In the main exper-
iments, we are using coverage α1 = 0.5 and
α2 = 0.8. One advantage of using Conformal
Prediction is that users can customize the cover-
age in the CP process. Therefore, in this section,
we change the different α2 to see how CFA per-
forms. In detail, we change α2 from 0.6 to 0.9
with Llama2-7B and the Summarize Dataset. The
results are shown in Figure 8. The results show
that using a coverage of 0.7-0.8 can have the best
overall performance. When the α2 is 0.6, we get
the worst performance because α2 is too close to
α1 = 0.5, resulting in the reduction of the effect
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Figure 8: The comparison using different coverage α2 in
CFA on Llama2-7B and Summarize Dataset. The result
shows there are some sweet points for the Coverage α2,
but CFA consistently outperforms the base DPO.

of weights in CFA. However, CFA consistently out-
performs the base DPO, showing CFA is better for
alignment of LLMs.

5.5 Case Analysis
To better understand the effect of uncertainty-aware
preference modeling, we examine a representative
example from the Summarize dataset in Figure 6.
The prompt involves summarizing an optical illu-
sion debate featuring a photo of a cat. From the
case, we can see that the SFT model’s output is
highly repetitive and uninformative, a fact reflected
in its low overall score of 5.5 out of 10, which
demonstrates why we need reinforcement learning.

The Base DPO model attempts to solve the prob-
lem from SFT model by incorporating more de-
tail but misinterprets a critical part of the prompt.
Specifically, it states that “advertisers pounce on
the opportunity to confuse the issue,” incorrectly
implying that advertisers are actively creating con-
fusion, which is wrong. This type of subtle misin-
terpretation is a key problem when a model learns
from all feedback indiscriminately. It treats all
feedback as equally valid, which prevents it from
capturing the true, nuanced relationship described
in the source text.

Our uncertainty-aware method excels because it
corrects this specific failure. It achieved the highest
scores for accuracy and relevance, 8 and 9, respec-
tively, because it learns to disregard such noisy, mis-
leading signals. By focusing on high-confidence
feedback, it develops a more precise understanding,
correctly identifying that advertisers are "taking ad-
vantage of the situation." This demonstrates its abil-
ity to filter out ambiguity and generate a summary

that is not only fluent but also factually accurate
and contextually relevant.

6 Conclusion

In this paper, we presented a new framework for
Conformal Feedback Alignment (CFA), which im-
proves the alignment of large language models by
using the reliability of responses. Our method pro-
vides both reward-model-based and reward-free
training paradigms under white-box and black-box
settings. Empirical results show that incorporating
confidence and reliability from answers into prefer-
ence learning not only enhances alignment quality
but also scales well with limited data and smaller
models. Overall, this work highlights the impor-
tance of the reliability of answers in alignment
pipelines and provides a practical, supported solu-
tion. Future research may explore extending this
framework to multimodal feedback or human-in-
the-loop calibration under real-world constraints.

Acknowledgment

The work was partially supported by NSF award
#2442477. We thank Amazon Research Awards,
Cisco Research Awards, Google, and OpenAI for
providing us with API credits. The authors ac-
knowledge Research Computing at Arizona State
University for providing computing resources. The
views and conclusions in this paper are those of the
authors and should not be interpreted as represent-
ing any funding agencies.

Limitation

While Conformal Feedback Alignment (CFA)
demonstrates promising improvements in robust-
ness for LLM alignment, several limitations remain.
First, CFA relies on the quality of conformal predic-
tion calibration. When the calibration set is small,
the resulting reliability estimates may be inaccurate.
Second, the current experiments are conducted on
text-based models and dataset, lacking the explo-
ration for the multi-modal large language model.
Finally, our approach does not combine the answer
reliability and preference uncertainty. Future work
should investigate how to jointly model them to
further enhance alignment performance. We use
LLM for grammar check only.
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